Large corporations may be composed of multiple strategic business units (SBUs) 
Introduction
Despite the advances in technology and innovation, many of companies do not measure or assess innovation performance and do not have an internal system to measure innovation performance (Hamel, 2006 ). In the current economic situation, innovation is a high strategic priority for most companies, and many see it as a strong contributor to growth. Yet, many also struggle to measure the performance of their innovation portfolios (Chan et al., 2008) . Besides, corporations should seek sustainable innovation performance (Vandaele and Decouttere, 2012) .
The Frascati manual stated that innovation can be an idea into the launching of a new or improved product, a new or improved process, or a new method (OECD, 1994) . Dervitsiotis (2010) proposed key components of an organisation's innovation system. He presented an assessment framework for corporation's innovation excellence. Alegre et al. (2009) evaluated innovation by analysing the relationship between research and development (R&D) process, innovation performance, and organisational growth in the context of biotechnology corporations.
A key component in the success of corporations is the extent of their innovativeness. Innovativeness relates to the corporation's capacity to engage in innovation; that is, the introduction of new processes, products, or ideas in the organization. This capacity to innovate is among the most important factors that impact on business performance. It is through innovativeness that managers devise solutions to business problems and challenges, which provide the basis for the survival and success of the corporation well into the future. Innovativeness is one of the factors over which the management has considerable control. It is generally agreed that innovation contributes to business performance, relatively little is known about the drivers of innovativeness and how those drivers operate via innovativeness to collectively influence performance (Hult and Hurley, 2004) . Moreover, little is known about the innovativeness ranking under different business units.
Certain types of innovations such as administrative innovations that improve internal operations may have no direct or immediate impact on the marketplace (Han et al., 1998) . A critical part of the initiation stage is cultural "openness to the innovation" (Zaltman et al., 1973) . Openness includes whether the members of an organization are willing to consider the adoption of an innovation or whether they are resistant to it. de Ven (1986) refers to this as the management of the organization's cultural attention in order to recognize the need for new ideas and action within the organization.
Much of the corporation's innovativeness hinges on the extent to which managers acquire and act on market intelligence. Organizations that act are responsive to markets. Organizations or SBUs without the capacity to innovate may invest time and resources in studying markets but are unable to translate this knowledge into practice (Hult and Hurley, 2004) .
The adoption of innovation is generally intended to contribute to the performance or effectiveness of the corporation or SBU (Damanpour, 1991) . SBU performance is defined here as the achievement of organizational goals related to profitability and growth in sales and markets share, as well as the accomplishment of general corporation strategic objectives. The resource-based view helps to explain how corporations derive competitive advantages by channeling resources into the development of new products, processes, and so forth. Innovation is a means for changing a SBU, whether as a response to changes that occurs in its internal or external environment or as a preemptive move taken to influence an environment. Because environments evolve, SBUs must adopt innovations over time and the most important innovations are those that allow the SBU to achieve some sort of competitive advantage, thereby contributing to its performance (Damanpour, 1991) .
SBU ranking is an important issue for holding managers and CEOs, since it can be used in budget allocation, improvement management, right strategic alignment, and business performance improvement.
The BSC can be used as a framework for evaluation of innovation performance. Kaplan and Norton originated BSC in 1992. Since then BSC has been the subject of performance evaluation studies (Valderrama et al., 2009) . It converts an organisation's vision into a comprehensive set of performance indicators, which creates a framework for a strategic measurement system.
In this study, BSC provided a framework for innovation performance evaluation. This work used a fuzzy AHP to prioritize SBUs in a well-known steel manufacturing company in Iran. The SBU with the highest priority weight was chosen as the best SBU regards its innovation capability. To determine the priority weights of the alternatives and simplify comparisons of BSC dimensions, criteria, and alternatives, MS Excel was utilized.
This paper is organized into five sections. The Section 2 was devoted to literature overview. In section 3, fuzzy AHP method was explained. In section 4, model implementation was presented. In section 5, concluding remarks and discussions were specified.
Literature review
2.1. BSC and R&D relationship The BSC has four perspectives (i.e., learning and growth perspective, process perspective, customer perspective, and financial perspective) (Kaplan and Norton, 1993) . The BSC is a strategic framework for performance measurement and strategy implementation. The BSC model links long-term objectives with short-term activities (Kaplan and Norton, 1996) . Financial and non-financial criteria are just a part of BSC framework. The BSC provides infrastructure which translates strategy into a combined set of indicators that addresses long-term objectives, short-term activities and relevant feedbacks (Kaplan and Norton, 1996) .
R&D is now a key part of company innovation system, and requires an integrated mechanism of measurement that monitors both financial and non-financial returns (Bigliardi and Dormio, 2010) .
Several studies have investigated the relation between the BSC and R&D. Sandstrom and Toivanen (2002) proposed a BSC framework for product development. They presented dimensions, objectives, and indicators of the BSC for R&D domain. Cebeci and Sezerel (2008) used the BSC to develop a performance measurement model for R&D department. The proposed model comprised thirteen important R&D performance indicators based on the literature survey and expert opinions. Chen and Chen (2009) presented a framework for innovation performance evaluation. This framework proposed 24 indicators for innovation performance measurement and used 2-tuple fuzzy interval linguistic evaluation model to measure the innovation performance. In addition, Bigliardi and Dormio (2010) developed a general model of BSC for R&D activities performance measurement. They composed BSC model by 54 indicators subdivided into the five perspectives. Further, Wang et al., (2010) proposed performance indicators of the R&D department using the BSC structure. Moreover, Lazzarotti et al., (2011) suggested a model for R&D performance measurement.
BSC and AHP integration
Integration of BSC and multi-criteria decision making techniques has been reviewed in the several studies. BSC, which describes perspectives of performance, does not determine perspective weights. Hence, Reisinger et al. (2003) presented an AHP method to prioritize the indicators of a BSC system for a European management-consulting firm. Searcy (2004) used AHP to calculate the relative weight of the performance perspectives regarding extended BSC for lean enterprises. Leung et al. (2006) used AHP and analytic network process (ANP) to simplify the BSC implementation. Additionally, Leung et al. (2006) illustrated how the AHP is applied when relationship between attributes may be implicitly evaluated. Chan (2006) proposed AHP-BSC model for hospital performance assessment. Sharma and Bhagwat (2007) and Varma et al. (2008) studied the integration of AHP and BSC in supply chain management. Moreover, Cebeci and Sezerel (2008) combined BSC with AHP in order to develop an approach to assess the performance of the R&D departments. Jovanovic and Krivokapic (2008) used AHP to identify BSC key performance indicators. Huang et al. (2011) integrated AHP, delphi method, and BSC framework to prioritize performance indicators and strategies in a pharmaceutical firm. Bentes et al. (2012) combined BSC and AHP to perform a better performance evaluation of three organizational units within a telecommunications company. Other applications of the AHP method within a BSC system was gave emphasis on the development of a performance measurement system (e.g., Huang, 2009; Grigoroudis et al., 2012) .
Fuzzy AHP
With regard to uncertainties and vagueness of a decision problem and excluding the disadvantages of the AHP, fuzzy AHP was used in this study. In the fuzzy AHP process, the pairwise comparisons in the judgment matrix are fuzzy numbers. The procedure calculates a corresponding set of scores and determines one composite score that is the average of these fuzzy scores (Kahraman et al., 2004) . Kahraman et al. (2004) used fuzzy AHP to compare catering firms. Haghighi et al. (2010) presented main characteristics, advantages, and disadvantages of different fuzzy AHP methods. Kilincci and Onal (2011) presented a fuzzy AHP to select the best supplier providing the most customer satisfaction index for a washing machine company. Buyukozkan et al. (2011) is another work about Fuzzy AHP. This work evaluated the proposed service quality framework in the healthcare sector in Turkey. Cho et al. (2012) developed performance measurement framework based on the extent fuzzy AHP for a hotel supply chain. Kutlu and Ekmekcioglu (2012) proposed an integrated approach, combining fuzzy AHP and Fuzzy TOPSIS, to rank failure modes. Furthermore, Zhu and Lei (2012) proposed fuzzy AHP in the evaluation of the independent innovation capability of the businesses. They presented ten indicators for innovation evaluation.
2.4.
BSC and Fuzzy AHP Integration of BSC and fuzzy AHP has been also investigated. Lee et al. (2008) suggested a method to compute performance priority weightings of information technology departments based on BSC and fuzzy AHP integration. They provided guidance to IT department managers regarding performance evaluation and strategies for improving department performance. Wang and Xia (2009) constructed a BSC framework based on knowledge management and the fuzzy AHP for evaluating a software company. Cebeci (2009) proposed a fuzzy AHP model for comparison of ERP solutions and vendors for textile companies and also presented related key performance indicators based on BSC framework. Furthermore, Wu, Tzeng and Chen (2009) have been conducted a performance analysis on three banks using a fuzzy MCDM methodology based on the BSC perspectives. The fuzzy AHP and the three MCDM analytical methods (i.e., SAW, TOPSIS, and VIKOR) were employed in the performance analysis for computing the fuzzy weights of the criteria, ranking the banking performance, and improving the gaps of the three banks, respectively. Cho and Lee (2011) proposed a model based on BSC and fuzzy AHP for evaluation and selection of business processes for BPM. This work has considered decision maker confidence and the degree of satisfaction of the judgment in the fuzzy AHP model. Kunz and Schaaf (2011) presented a general definition of an indicator system for each perspective in a BSC in a clinical application and defined a utility function. Amiran et al. (2011) used fuzzy AHP and Fuzzy TOPSIS for evaluating steel industry performance based on BSC. Su, Hung and Tzeng (2011) used fuzzy AHP and BSC in the mobile industry. Additionally, Wang, Zhang and Zeng (2012) proposed a method based on the Fuzzy AHP and BSC for evaluating performance of Third-Party Logistics (TPL) enterprises.
Therefore, integrating of fuzzy AHP, BSC and innovation performance evaluation of SBUs are not currently seen in the literature. In other words, up to now very few references have been found in the literature to the SBU innovation performance modeling. Therefore, this study adopted the BSC to develop an innovation evaluation system for SBU ranking in a steel manufacturing company.
3.1.
AHP and Fuzzy AHP AHP is a systematic procedure to solve multi-criterion decision-making problems. It includes both subjective and objective evaluation measures, offering a useful hierarchical procedure to control the consistency of the evaluation measures and alternatives preferred by decision makers to reduce bias in decision-making process (Kilincci & Onal, 2011) . In structuring of the decision problem into a hierarchical model, problem is defined, which is the most innovative business unit selection, objective is identified, and attributes that must be satisfied to objective are recognized. Objective is at first level, criteria is at second level, attributes are at third level, and decision alternatives are at fourth level in hierarchical structure of the problem. In making pair-wise comparisons and obtaining the judgment matrix, the elements at a particular level are compared using nine-point numerical scale to define how much more an element is important than other. If A and B are the elements to compare, "1" defines that A and B are equal importance, and "9" defines that A is extreme importance. All pair-wise comparisons are given in a judgment matrix. Next step is to determine the local weights and consistency of comparisons. Local weights of the elements are calculated from the judgment matrix using eigenvector method. As the comparisons in the matrix are made subjectively, consistency ratio can be computed. If the ratio is less than 0.1 human judgments is acceptable. In last step, local weights at various levels are aggregated to obtain final weight of alternatives. The final weights represent the rating of the alternatives in achieving the aim of the multi-criterion decision-making problem.
Although AHP has been widely used to solve the multi-criterion decision-making problems, its most important disadvantage is that it uses a scale of one to nine which cannot handle uncertainty decisions in comparison of the attributes. All comparisons during AHP implementation may not include a certainty therefore the decision maker needs more than nine-point scale to describe the uncertainty. In this condition, linguistic variables and triangular fuzzy numbers can be used to decide the priority of one decision variable over other. Synthetic extent analysis method is used to decide the final priority weights based on triangular fuzzy numbers and so-called as fuzzy extended AHP (Chan & Kumar, 2007) .
The fuzzy extension of AHP to efficiently handle the fuzziness in the decision process to select the best business unit by using both qualitative and quantitative data in the multi-attribute decision-making problems. In this approach triangular fuzzy numbers are used in replace of nine-point of scale in traditional AHP and then the synthetic extent value of the pair-wise comparison is calculated by using the extent analysis method. After the weight vectors are decided and normalized, and normalized weight vectors are determined, the final priority weights of the alternatives are computed using the different weights of criteria and attributes. As a result, the alternative with highest weight is selected as the best business unit.
Fuzzy AHP with triangular fuzzy numbers
Zadeh proposed fuzzy logic to resolve ambiguous and vague information. An object in a fuzzy set has grade of membership in [0, 1] (Kilincci and Onal, 2011) . The proposed fuzzy AHP model utilized triangular fuzzy numbers in pairwise judgments and evaluation matrixes. A triangular fuzzy number ( ) is depicted in Fig. 1. A  triangular fuzzy number is represented as (l, m, u) . The parameters l, m, and u identify the smallest possible value, the most promising value, and the largest possible value that illustrate a fuzzy event (Kahraman et al., 2004) . Triangular fuzzy number membership function can be described as (Kahraman et al., 2004) ;
According to the Chang's (1992) method, each object is taken and extent analysis for each goal, g i , is done respectively. Therefore, m extent analysis values for each object can be achieved, with the following signs:
where all the The steps of Chang's extent method can be presented as in the following (Chang, 1996; Kahraman et al., 2004 ):
(1) The value of fuzzy synthetic extent with respect to ith object is determined as (6) and then obtain the inverse of the vector in Eq. (6) such that =
(2) The degree of possibility or probability of M 2 =(l 2 ,m 2 ,u 2 ) M 1 =(l 1 ,m 1 ,u 1 ) is defined as (8) sup represents supermom (i.e., the least upper bond of a set) and when a pair (x, y) exits such that y  x and μ M1 (x) = μ M2 (y), then we have V (M 2  M 1 ) = 1. It can be equivalently expressed as follows:
Where hgt is the height of fuzzy numbers on the intersection of M1 and M2 and d is d is the ordinate of the highest intersection point D between M1 and M2 (Fig. 2) . To compare M1 and M2, both values of V(M1  M2) and V(M2  M1) are required and essential. Eqs. (8) and (10) (3) The degree of possibility for a fuzzy number to be greater than k fuzzy numbers M i (i = 1, 2, ..., k) can be given by the use of the operations max and min and can be shown by
Assume that is possibility for to be greater than other fuzzy numbers
For k = 1, 2, ..., n; k ≠ i, and k is the number of criteria. Then the weight vector is specified by
where A i (i = 1, 2, …, n) are n elements or decision alternatives. (4) Via normalization, the normalized weight vectors are (14) To allow the values in the vector to be analogous to weights defined from the AHP type methods, the vector W is normalized (Tang and Beynon, 2005) . Where W is a non-fuzzy number. This makes the priority weights of one alternative over another.
Illustrative Example
In SBU ranking problem, the relative importance of different decision criteria involved a high degree of subjective judgment and individual preferences. The linguistic assessment of human feelings and judgments were vague and it was not reasonable to represent them in terms of precise numbers. Therefore, triangular fuzzy numbers were used in this problem to decide the priority of one decision variable over another. Then synthetic extent analysis method was used to decide the final priority weights based on triangular fuzzy numbers and so-called as fuzzy AHP. In the following subsections, the main steps of the method will be explained in detail.
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Definition of Criteria
First the goal of the decision-making problem has been defined which was "selection of the most innovative SBU". In the steel sector, a lot of criteria should be considered because the competition is really high. By integration the attributes identified by R&D and product development experts and other attributes which have been used in the literature (e.g., Lazzarotti, Manzini, and Mari, 2011; Valderrama, Mendigorri and Bordoy, 2009; Bigliardi and Dormio, 2010; Wang, Lin, and Huang, 2010) , the criteria were defined. Innovation BSC framework and the criteria were shown in Fig. 5 .
Fig. 3. Innovation BSC framework for each SBU
The hierarchy of the problem was built. Fig. 6 showed four levels of the problem hierarchy. The first level of the hierarchy specified the goal of the problem which was selection of the most innovative SBU. The second level of the hierarchy was organized under four categories, which were financial perspective, customer perspective, process perspective, and learning perspective. At the third level, BSC dimensions were separated into criteria that may influence the unit's choice. Finally, the bottom level of the hierarchy specified the three alternative SBUs. Attribute preference over another was selected by the experience of experts. First, an expert compared the BSC dimensions with respect to the main goal; then the expert compared the criteria with respect to the BSC dimensions. At the end, the expert compared the SBUs with respect to each criterion. The expert used the linguistic variables to make the pair-wise comparison. Then the linguistic variables were changed to triangular fuzzy numbers. Table 1 illustrates the linguistic variables and their corresponding triangular fuzzy numbers. 
Equally preferred (EP)
(1, 1, 1)
Weakly preferred (WP) (2/3, 1, 3/2)
Fairly strongly preferred (FSP) (3/2, 2, 5/2) Very strongly preferred (VSP) (5/2, 3, 7/2) Absolutely preferred (AP) (7/2, 4, 9/2)
As an example, the calculation of the priority weights of the BSC dimensions will be explained in detail below. By using the values in Table 1 , the linguistic variables in the comparison matrix were changed to triangular fuzzy numbers. The fuzzy evaluation matrix can be seen in Table 3 . 
Then, the degree of possibility of S i over S i (i ≠ j) was calculated. Using Eq. (10),
Finally, by using Eq. (12), we obtain: = (0.58, 1, 0.48, 0.48) . After normalization process by Eq. (14), the normalized weight vector of the BSC dimensions was given to be W = (0.23, 0.39, 0.19, 0.19) T .
The same computations were applied to the other pairwise comparison matrices and the priority weights of each element were calculated. The priority weights of each element can be found in Table 4 . Computation the overall score of each SBU and finding the best SBU In this step, the BSC dimensions and criteria priority weights were combined to compute priority weights of the alternative SBUs. In Table 5 , each column of the matrix multiplied by the priority weight at the top of the column and then those values added up for each row. At the end, the priority weights of the alternatives were computed. The same computations have been used to the other criteria of customer perspective, process perspective, and learning perspective, and the priority weights of the alternatives with respect to customer perspective, process perspective, and learning perspective have been computed. The priority weights were shown in Table  6, Table 7, and Table 8 . At the end, the priority weights of the SBUs with respect to the BSC dimensions were obtained and the weights of the alternatives were calculated. The priority weights of the SBUs are shown in Table 9 . In order to simplify the fuzzy AHP calculations, A program based on the Ms Excel was prepared. The priority weights for the alternatives were found to be (0.42, 0.35, 0.23). According to the final result, SBU A is the most preferred SBU because it has the highest priority weight and SBU B is the next recommended SBU.
Conclusion
This study proposed a novel model for innovative assessment of SBUs and determined its applicability into a steel manufacturing holding. For this, the main literature of R&D, innovation, BSC and performance measurement of innovation, as well as those previous studies that have dealt with the problem of measuring innovation, have been reviewed. Based on literature review and the opinion of experts, a BSC model for innovation performance assessment has been developed. This model was composed by the four perspectives and thirteen criteria. Selection of the most innovative SBU was a comparison of units using a common set of criteria and indicators to identify unit with the highest innovation performance. In this study, a fuzzy AHP method was used to select the most innovative SBU. Then, the weights of the BSC dimensions, criteria, and alternatives were determined and the best SBU was selected after computing the overall score of each unit.
Selecting the high performance unit extremely increased the competitiveness among SBUs and improved corporation competitiveness. Additionally, SBU ranking regards innovation performance could serve as input to shape award allocation, budget plan modification, and incentive plans.
Some distinguished contributions of this research are as follows: 1. This research adopted the concept of the BSC to develop an innovation evaluation structure for SBUs in a steel manufacturing company. Based on literature review and interview with experts, thirteen innovation performance indicators for SBUs were finalized. These indicators could be a reference for steel industry for innovation performance evaluation. 2. This research is based on the fuzzy set theory and the fuzzy AHP to propose a systematic performance evaluation model and to provide guidance to innovation managers for improving SBU performance.
There are many other methods to use in comparing SBUs. As for future work, other fuzzy MCDM approaches like fuzzy Dematel, fuzzy TOPSIS, or fuzzy ELECTRE could be used for SBU selection and could be compared with the current study finding.
